Because of numerous environmental and legislative requirements the paint industry is increasing its interest in the development and production of water-based paints. Using water-based paints allows for the reduction of the emission of polluting, organic solvents found in traditional paints and varnishes. However the amount of time needed for drying these new, environmentally-friendly paints can sometimes drive down productivity. Since water is very efficiently heated by microwave energy, it seems logical that a microwave oven should be very effective for drying a waterbased paint and this topic has gained much interest in the recent past. Still, drying water-based paints using microwaves requires adapting formulations to this new technology and presents a challenge for paint formulators. This study concerns paints used in the professional, wood-finishing industry (furniture, doors, windows). This industry requires very fast surface finishing lines and waterbased paints are still a minor part of the coatings used.
Introduction
Because of numerous environmental and legislative requirements the paint industry is increasing its interest in the development and production of water-based paints. Using water-based paints allows for the reduction of the emission of polluting, organic solvents found in traditional paints and varnishes. However the amount of time needed for drying these new, environmentally-friendly paints can sometimes drive down productivity. Since water is very efficiently heated by microwave energy, it seems logical that a microwave oven should be very effective for drying a waterbased paint and this topic has gained much interest in the recent past. Still, drying water-based paints using microwaves requires adapting formulations to this new technology and presents a challenge for paint formulators. This study concerns paints used in the professional, wood-finishing industry (furniture, doors, windows). This industry requires very fast surface finishing lines and waterbased paints are still a minor part of the coatings used.
The objective is twofold. On one hand it is desired to understand how the major components of a water-based paint affect, alone or in combination, the major properties characterizing a good quality paint when dried by microwave energy. To achieve this, a mixture design is planned in which the quantity of each of the components varies in a domain constrained by feasibility requirements. In addition, it is wished to determine if these properties depend also upon the chemical types of binder or coalescents used in the formulation as well as upon the energy dosage received at the drying stage. It is thus necessary to combine the mixture design with a double factorial design including several types of binders and in which blends will be tested with different energy dosages.
On the other hand, it is desired to use this understanding to determine which blends simultaneously optimize the eight measured properties. To achieve this, simple mathematical models of the polynomial type will be derived from the collected data and used to build response surfaces over the whole experimental domain. If such blends do not exist, an algorithm for modelling desirability will be used to come up with acceptable compromises.
Approach and design
The effect of various components of water-based coatings and others factors are studied using a statistical experimental design. Not only the components (and the mixture of the components) of the paints but also the process used for drying the paints affect the final properties of the dry paint film. Such experiments where the process variables are factors that are not present in the mixtures to be studied, but whose levels, when changed, could affect the results obtained from these mixture are known as mixture experiments with process variables. components, combined with two others factors which are the chemical nature of two of the six mixture components. In particular the fact that each paint mixture (or formulation) can include two types of binders (the main polymeric portion of the formulation) and one coalescent alone or two coalescents simultaneous to be chosen in a list of four candidates must be take into account.
Mixture components
The six mixture components are listed below: X 1 = binder (acrylic dispersion polymer); X 2 = coalescent 1; X 3 = coalescent 2; X 4 = water; X 5 = polyurethane dispersion; X 6 = salt.
It is known that the properties of the mixture are dependent only upon the respective percentage of active ingredients present. In this design, every component is expressed in terms of active ingredient weight. In this case, the only way to compare formulations is to fix the total content of active material. In this experiment the sum of the components is 60 g. Thus:
The experimental region for the mixture components is constrained by the imposition of lower and upper bounds on the component proportions that determine the feasibility domain.
Individual constraints:
Relational constraints: 3.5 ≤ X 2 + X 3 ≤ 8.75. This relationship means that either coalescent 1 or 2 can be equal to 0, but that a coalescent is always present in the mixture.
The resulting region of this mixture experiment is very constrained due to the limits imposed on each component and the relationships holding between them.
Indicator variables
Two indicator variables, Z 1 and Z 2 are defined to represent the chemical nature of respectively, the acrylic binder and the coalescent used in different formulations of this design.
Each coalescent (A, B, C, D) can be present in the formulation either alone (in which case either X 2 = 0 or X 3 = 0) or as a pair with a different coalescent in the list (in which case both X 2 ≠ 0 and X 3 ≠ 0).
For example Z 2 = 1 indicates that coalescents A or B can be present alone (in this case X 2 or X 3 is equal to zero), or can be both present (X 2 ≠ 0 and X 3 ≠ 0).
The values of Z 2 are defined as: Z 2 = 1 A and B can be present alone (X 2 = 0 or X 3 = 0) or together (X 2 ≠ 0 and X 3 ≠ 0).
Z 2 = 2 A and C can be present alone (X 2 = 0 or X 3 = 0) or together (X 2 ≠ 0 and X 3 ≠ 0). Z 2 = 6 C and D can be present alone (X 2 = 0 or X 3 = 0) or together (X 2 ≠ 0 and X 3 ≠ 0).
Process variable
The power of the microwaves used to dry the blends takes three levels and as such is a process variable.
These levels are coded P i , i = 1 to 3.
Building the model
In mixture experiments containing others factors, the typical model-fitting strategy is to fit a combined model containing terms in the mixture components only along with terms involving crossproducts between the mixture components and the other factors. The model must incorporate the blending properties of the mixture components and the effects of the others factors. Such a model form allows to measure the blending properties of the mixture components and to determine if the blending properties change when changing the setting of the process variables.
Polynomial models of different degrees can describe the blending properties of the mixture components and the effect of the process variables on the responses of interest. The adopted approach was to express the blending properties of the mixture components with a reduced Scheffé-type polynomial model [1] of degree two.
In the present case, with six components whose values are denoted by X 1 , X 2 , X 3 , X 4 , X 5 , X 6 the response is expressed by:
The first six terms are called the linear blending terms, the remaining terms are called the non linear blending terms [2] .
In this problem, it is assumed that water acts as a diluent, and blends additively, thus a reduced quadratic model in the mixture components should provide a reasonable approximation of the response surface. The reduction from the full 21 term quadratic model results from the elimination of all binary blending terms with X 4 (Water), thus leaving 16 terms. The resulting reduced quadratic model in the mixture components is:
where the b i,j are unknown coefficients to be estimated and ε is the random error term.
The indicator variable model is expressed as:
The combined model containing both the mixture and the indicator variables is formed by expanding the mixture model with terms involving the indicator variables. If, when changing the level of Z i , only the value of the response changes and the blending properties are not affected, the combined model can be written as [3] :
However changing the level of Z i might affect the blending properties, which means that the Z i factors are interacting with the X i factors. The combined model is therefore expressed as [3] : Response = {1} + {1}{Effect of Z} + ε where {1}{effect of Z} represents the effect of changing the level of Z on the blending properties of the components.
To reduce the number of experimental runs, the interaction between Z 1 and Z 2 , was not taken into consideration, so the term {1}Z 1 Z 2 has been eliminated from the model. So the combined model is expressed as:
To even further reduce the number of experimental runs, the interactions between X 4 (Water) and Z 1 and between X 4
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and Z 2 were dropped from the initial model (1) leading to be the following 15 term model (3):
Then the final combined model, which serves as a basis to design the experiments is:
This model is linear for Z 1 and Z 2 and does not include the X 4 Z 1 and X 4 Z 2 terms. Model {1} includes 16 terms to estimate, the term {3}Z 1 includes 15 terms, and the term {3}Z 2 includes 5 × 15 terms (after coding Z 2 ) to be estimated. This model has a total of 106 parameters to estimate.
The effect of P, the power level of microwaves used to dry a formulation, was also included in the model. It is believed that power might have a quadratic effect on many of the responses. So the model becomes:
When fully crossed with model (4), the power variable triples the number of formulations required.
To reduce the amount of work, each formulation is split into 3 samples. The 3 levels of power are randomly assigned to the samples. Each sample is dried at the correspondent power of the same length of time (2').
Therefore, the assignment of the experimental units to the power levels is restricted, thus leading to a design of the split-plot type [4] . Two sources of experimental error are present in the data. The first is the main plot error that occurs among the mixture blends of the formulations. It allows to estimate the error on each component of the mixture (X i ). The second source of error is the sub plot error that exists among the three subsamples receiving the different levels of power. It allows to estimate the error of the microwaves power applied to every sample.
An example of the resulting Analysis of Variance (ANOVA) table is presented in section III-3, in table III.
The full model now includes 108 parameters (with the additional of two parameters for estimating the power effect). It was therefore decided to generate 110 experiments, plus an additional set of six genuine replicates.
Technical details of design set up
For a discussion about optimality criteria see references [2, 5] .
To design the experiments, three packages were at our disposal, none of which at this time could, alone, handle such a complex task: -Design Expert [6] version 5 offers D and U generation criteria, does not handle mixture process designs.
-Design Expert beta version 6. Offers D optimality criteria, handles mixture process designs but a bug (now corrected) would not allow the fixing of the multiple constraints on the components.
-SAS/QC Proc OPTEX [7] offers several kinds of optimality criteria, including D and U, but does not handle multiple constraints on the components proportions, does not generate replicates and requires more memory than was available to handle large sets of candidate points.
The final strategy adopted was:
1. To use DX-5 to generate a U optimal design (Modified Distance Based) containing 31 different points. These 31 points were chosen among a total of 879 candidates in an attempt to reduce the amount of memory required by SAS when running its D-optimal criteria selection in step 3. The goal was to give SAS a large choice of points to select from. All point types (including thirds of edge and triple blends) were included in the set of candidates.
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2. To fully cross the design with the variables Z 1 (2 levels) and Z 2 (6 levels) thus obtaining a set of 2*6*31 = 372 points.
3. To use SAS to select, using the D-Optimality criteria, 110 points to which 6 genuine replicates were artificially added.
The experimental matrix is given table I.
As can be observed by looking at the matrix, there are only 20 different mixtures (not counting changes in Z 1 and Z 2 levels), left in the experiment after the D-Optimal selection step.
These are: -3 vertices (out of 40) labeled 'V' in the matrix. -2 center of edges (out of 100) labeled 'CE' in the matrix. -6 thirds of edge (out of 200) labeled '1/3E in the matrix. -6 triple blends (out of 400) labeled 'TB' in the matrix. Table I . Experimental matrix. -3 constraint plane centroids (out 98) labeled 'CE' in the matrix.
Because of the extremely severe constraints on the component proportions, the distance between vertices and centers or thirds of edges is small, and the resulting loss of optimality from this selection strategy should not be significant.
Close examination of the matrix, reveals that setting up Z 2 in this manner generates a lot of "accidental" replicates. For example, the first vertex (third column in the matrix) has X 3 = 0, which means only one coalescent, the first in pair is present in the formulation. As shown in section II-2, one can see that level 1, 2 and 3 of Z 2 all define the same first coalescent, coalescent A in amount given by X 2 .
As a result, for example: All together, there are 32 degrees of freedom (6 from the designed replicates plus 26 from the accidental replicates) to estimate the experimental error and to test the homogeneity of the experimental error in the experimental domain. Because of the discrete nature of the responses (see below) it was decided to keep these accidental replicates so as to obtain a better estimation of the experimental error.
Analysis of the design The responses
Eight responses were measured in this experiment. All responses except hardness were visually assessed and ranked on a scale from 0 (poor) to 5 (excellent). The list of all responses is given below.
Block: This response measures how easy it is to separate two identical samples placed together face-to-face with a fixed pressure immediately after oven drying. A block value 0 signifies that the samples were almost permanently glued together by the freshly dried coating (obviously very undesirable on an industrial finishing line) and 5 signifies that there was no sticking what so ever. For this response the pure experimental error based on 32 degrees of freedom is estimated at 0.36.
Damage: This response measures the degree of damage caused by the above mentioned block test. Block and
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Damage relate to what might happen when freshly dried, painted pieces are stacked together at the end of a finishing line. The pure experimental error for this response is estimated at 0.35.
Sanding: This response measures the capability of the freshly dried paint film to be sanded in an efficient and productive manner. It is usual for a piece to receive two coats of paint. There is usually a sanding operation in between the two coats. The pure experimental error for this response is estimated at 0.27.
The three first-mentioned responses indirectly measure the hardness of the paint film immediately after drying via microwave irradiation.
Hardness: Measurement of the hardness of the film. This measurement is realized by an instrument known as a König pendulum on the scale 0 to 40. The higher the value of this response, the harder the film is. The pure experimental error for this response is estimated at 1.43.
Appearance: Assessment of the esthetic aspect of the painted surface and underlying support after microwave oven drying. The pure experimental error is 0.54. 
Analysis
Before starting the large task of analyzing all eight responses, the response "Block" was examined in detail first. All the analysis done so far is in L-pseudo-Components.
We defined 5 indicator variables Z 2, i with i = 1 to 5 as: The whole design {5} is a split-plot, with P as the subplot effect. All other effects are whole plot effects [4] . The first step in the analysis of the data was to get a feeling of what kind of effect the microwaves power might have on the responses, particularly at the replicate points.
An example of the numerous graphs that were built is given in figure 1.
Nowhere it was possible to conclude that power had a quadratic effect, as was initially anticipated. This was confirmed by the result of the analysis of variance which was run as a second step. An example of such a table is given in table III for the response "Block".
The model built here has been simplified to show how the split-plot structure affects the degrees of freedom avail-able for testing the significance of the effects. Note that there is no way so far to acknowledge in the analysis the presence of 26 accidental replicates. This was a real a problem that could not be solved, despite several attempts at "tricking" the package. Therefore, the number of degrees of freedom for error for testing the mixture component effect (main plot effect) is 116 -6 = 110. The number of degrees of freedom for error for testing both the linear and quadratic terms of power is (116-1)*(3-2) = 230.
When the model for the mixture components involves non linear blending terms as well as cross products between mixture and non mixture variables, estimation of the denominator degrees of freedom becomes extremely complex, but, The real difficulty occurred during the third step, when it was time to derive the "best model" that could both adequately describe the response surface and also lead to a chemical interpretation of the role that the types of binder and coalescent (Z 1 , Z 2 ) were playing. Three regression procedures Backward, Forward and Stepwise were used in turn to select the fewer number of terms in model {5}.
All derived models have about 30 significant terms (out of the 106 possible terms in the model) and present an equivalent Adjusted RSquared (around 0.8). For all models, the residuals are approximately normally distributed, and some lack of fit is present for each model (based on a mean squared error with 32 degrees of freedom). Unfortunately, these models are different in the terms they contain as well as in the magnitude of the coefficient estimations. Thus, the asymmetric nature of the design as well as the fractionating on Z 1 ,Z 2 was making the interpretation of the model hazardous.
The main risk of fitting one single overall combined model lies in picking up non linear blending somewhere in the experimental region and projecting it, to other locations
Interpretation
At this stage, different tools helped to extract the main interpretation and conclusions for this project. The first tool that we used was the perturbation plot for each separate model.
Perturbations plots
For each separate model we used the perturbation plots (also called traces) to predict the formulation rules. The traces show the effect of changing each mixture component while holding all others in a constant ratio. The response is plotted while moving along an imaginary line from a reference blend towards the vertex of the component being incremented. The default reference blend is the centroid of the design. As the amount of a particular component increases, the amounts of all other components decrease, but their ratios to one another remain constant as defined in the reference blend.
In this case, traces allows to find those mixture components that affect the response most, but also to compare binder and coalescent types by juxtaposition, on the same scale, of the set of traces corresponding to each separate model. An example for Block is presented in figure 2 .
The reference blend is defined as: For blends containing coalescent A and B (left most graph), decreasing the amount of binder 1 (other components move in ratio defined by the reference blend) decreases block. However for blends containing coalescent
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A and C (right most graph), the behavior of the binder differs, and we observe an increase in block, instead. It was observed that the effect of the surfactant is negligible in blends containing coalescent A and B, but is very influential in blends containing A and C.
In the same manner, comparison between all combinations of sets of traces (one set per model) allows to determine the specific rules for all components for the twelve models. In particular this comparison leads the conclusion that, binder 1 behaved almost consistently better than binder 2.
Effect of the microwave drying power on paint properties
A split-plot analysis has been conducted on the separate models to identify and quantify those properties that are most affected by the microwave drying.
Influence of microwaves drying on each response (scale 0 to 5) is reported in table IV. The numbers in the table (except for hardness) represent expected changes in the response when, for a given blend, drying from mid power level to high power level. A decrease of the same magnitude is expected when drying from mid power level to low power level. All responses assessed on a scale from 0 (poor) to 5 (excellent) except hardness, measured on scale from 0 to 40. 
Definition of the optimal region. Desirability algorithm
Because the individual response surfaces do not present the same optimum regions, a "desirability algorithm" has been used.
Our aim was to find which blend most closely simultaneously optimises the eight measured properties. The optimisation searches for a combination of mixture component levels that simultaneously satisfy the requirements placed on each response. Numerical optimisation was used rather than a graphical one. Box and Draper (empirical Model Building and Response Surface) describe a method due to Derringer and Suich [9] which can determine the best combination of responses.
Following their example, an objective function is defined: D, corresponding to the desirability function, which reflects the desirable ranges for each response (di). The desirable ranges are from 0 to 1 (least to most desirable, respectively). The simultaneous objective function is a geometric mean of all the responses:
where n is the number of responses.
In this problem, the target for all responses is the maximum. An additional parameter, called "weight", affects the transformation of each response. The weight is used if one wants to give added emphasis to the upper/lower bound, or to the target value. A weight of 1 corresponds to "the partial desirability" d i varing from 0 to 1 in a linear fashion. Weights greater than 1 give more emphasis to the goal, on the other hand, weights less than 1, give less emphasis to the goal.
In this case, a linear increase was selected for partial desirability to reach the target (maximum) and different importance were put on each response in order to achieve the best reasonable compromise. Block was the most important response, stains was the least important one. The desirability algorithm has been used with each model (or combination of process variables) to find the best compromise. One example of the use of the desirability algorithm is shown below.
Example for binder 1 (Z 1 = 1) is given in figure 3 . The first two lines indicate the actual composition of the recommended blends. The three last lines indicate the predicted value of the eight properties of interest.
By doing so, one can find the best mixture based on each model which simultaneously optimizes the eight responses. This allows for creation of customized paint formulations based on the specific needs of a given industrial finishing line.
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Conclusion
Numerous difficulties in this study were encountered, not all of them were anticipated.
In particular, we had in mind a rather generic definition of a process variable as being a factor in the experiment that does not form any portion of the mixture but whose levels, when changed, could affect the blending properties of the experiment [10] . Thus, binder type and the coalescent type were incorrectly classified as process variables. They should have been instead defined as categories of components (or major-components) including respectively two and four components each (or minor components) [10] .
This study can be defined as a categorized-component mixture study where some complexity arises from the presence of a large number of major-components as well as from the three restrictions placed on the blending, namely: -only one binder can be present in any blend, and one binder must be present; -at most two coalescents can be present in any blend and at least one must be present in all blends; -of the 9-components at most 6 are present in any blend.
To our best knowledge no reference work describes a study as defined above. Nor was there a software package available to handle both the design and the analysis of the experiment. This will eventually be addressed in the future, meanwhile we recommend to design from the start as many "small" mixture experiments as there are combinations of minor component types. One advantage of such an approach over fitting one unique reduced model is to ensure no curvature will be picked up for some given binder or coalescent types that will be carried over for some other binder or coalescent types. One disadvantage is that, to limit the total number of blends to make, simpler models will have to be assumed adequate. The amount of work to invest is to be put in balance, as always, with the quality of the resulting information.
This study has demonstrated that the usage of different types of binders (acrylic emulsion polymers) and coalescents in combination with microwave drying could have a profound impact on a coating formulation's performances.
The major effects of all components have been established in this investigation, and can be both negative and positive. We have been explained the interaction between the two types of components (binder and coalescent) and with the understanding of this complex relationship, paint formulators can balance the choice of components and additives and develop formulations offering optimal performances in association with microwave drying with minimal detrimental effects from additives.
